Comparative proteomic study of two closely related ovarian endometrioid adenocarcinoma cell lines using cIEF fractionation and pathway analysis
Introduction
Ovarian cancer is the fifth leading cause of cancer-related death in the Western world and causes more deaths of women in the United States than any other gynecological malignancy [1] . The five-year survival rate can be as high as 90% with early detection; however, early detection of ovarian cancer is rare and known markers have limited utility for general population screening. The most common form of ovarian cancer is epithelial ovarian cancer, which can be further divided into four major histological subtypes: serous, clear cell, mucinous and endometrioid [2] . Ovarian endometrioid adenocarcinoma (OEA) represents approximately 20% of common epithelial tumors.
In the present comparative study, we have employed two closely related OEA cell lines, MDAH-2774 and TOV-112D [3, 4] . Both these cell lines were derived from female Caucasian patients with OEA. In particular, the TOV-112D cell line originates from an aggressive ovarian endometrioid tumor (stage 3, grade 3). The growth characteristics and tumorigenic potential of this cell line parallels the clinical behavior of aggressive OEAs. Categorization of the tumor grade/stage of MDAH-2774 is not available. Differential global gene expression analyses have been performed, and different genetic defects have been previously detected between these two cell lines, possibly leading to different levels of deregulation of important signaling pathways [5] . It has been shown that both the MDAH-2774 and TOV-112D cell lines have elevated constitutive Wnt signaling deregulation. A missense AXIN1 sequence alteration was identified in MDAH-2774 and mutant beta-catenin was identified in TOV-112D. A mutated K-ras gene, involved in the PI3K/ AKT signaling pathway, was detected in MDAH-2774 but not in TOV-112D. Both the MDAH-2774 and the TOV-112D OEA cell lines have a mutant p53 gene (unpublished data, R. Wa et al. Medical School, Unversity of Michigan, USA).
Protein expression and gene expression data, while being mutually exclusive, are complementary to each other. A lack of direct correlation between protein expression and gene expression has been reported [6] . Protein over-/underexpression is expected to relate to deregulated tumor cell behavior more directly than would gene expression. The proteomic profiles of these two cell lines have been generated in previous work using different methods. In one study, Rotofor IEF and nonporous silica RP separation was coupled with ESI-TOF-MS and MALDI-TOF-MS to analyze the proteome of MDAH-2774 via intact protein fractionation [7] . In a second study, 2-D PAGE coupled to MALDI-TOF-MS and SDS-PAGE coupled to LC-MS/MS were both used to obtain protein profiles from TOV-112D [8] . Alternatively, a shotgun [9] proteomics strategy of a whole-cell digest can be used to compare the global proteome profile of MDAH-2774 and TOV-112D (both qualitatively and quantitatively) in order to analyze protein expression differences in neoplastic dedifferentiation. Within, we have utilized cIEF to separate peptides based on pH [10, 11] , followed by capillary RP separation with online nanoESI-ion trap mass spectrometer analysis. This method is capable of identifying large numbers of proteins over an extended pH range where 1749 and 1955 proteins from triplicate runs of MDAH-2774 and TOV-112D, respectively, have been identified in this work.
Quantitation is always an important issue in pathway analysis using either isotopic labeling or label-free methods. Label-free quantitation has gained increasing popularity in recent years and has been successfully applied in large quantitative studies [12, 13] due to the development of computational and statistical methods and advances in LC-MS/MS systems. Extraction of peptide ion intensities and spectral counting (defined as the number of MS/MS spectra identified per protein) are two widely adopted methods for performing comparative quantitative analysis of LC-MS proteomics experiments. It has been shown that spectral counting is highly reproducible and is sensitive to protein abundance changes [14] . Further, in controlled experiments it was found that the correlation of protein abundance with spectral count is superior to that of protein sequence coverage or peptide count [13] . Thus, we have utilized spectral counting to measure protein abundance. The ratio of the spectral count of the same protein represents the relative expression level between two samples. Spectral sampling can enable protein ratios larger than $twofold to be determined with high confidence.
The large number of identified proteins between these two cell lines provides a means for qualitative and quantitative bioinformatics pathway analysis. Differentially expressed proteins can be further investigated to reveal the associated biological pathways using bioinformatic tools such as ingenuity pathway analysis (IPA). The IPA program uses a knowledge base derived from the literature containing information on interactions between genes, proteins and other biological molecules. After uploading differentially expressed protein lists to the IPA server, IPA uses these focused proteins to extract connectivity networks that relate candidate proteins to each other based on their interactions and generates global canonical pathways that are shown to be significantly associated with these candidates [15] . As illustrated in Fig. 1 , we have used a strategy of shotgun proteomics with subsequent bioinformatics analysis to study pathways in the TOV-112D and MDAH-2774 cell lines in order to understand the different interactions in these two OEA cell lines.
Materials and methods

Sample preparation
MDAH-2774 and TOV-112D cells were gently washed three times with PBS (pH 7.4) by repetitive pipetting, followed each time by centrifugation at 1500g for 5 min at 41C. The cell pellets were resuspended with 1 mL lysis-denaturing buffer (7.5 M urea, 2.5 M thiourea, 12.5 v/v glycerol, 62.5 M Tris-HCl, 2.5% w/v n-octylglucoside and 1% v/v protease inhibitor cocktail). All chemicals were purchased from Sigma (St. Louis, MO) unless otherwise noted. The lysates were vortexed and then centrifuged at 35 000g for 1 h at 41C. The supernatant was collected and dialyzed against 50 mM ammonia bicarbonate overnight using Slide-A-Lyzer dialysis cassettes with a 3500 Da molecular cutoff from Pierce (Rockford, IL). The proteins were quantified with the micro-BCA assay kit from Pierce, and then lyophilized to 100 mL using a SpeedVac concentrator (Labconco, Kansas City, MO) operating at 451C.
Trypsin digestion
An aliquot of 5 mM of DTT was added and the mixture was incubated at 601C for 30 min. After cooling, 5 mM iodoacetamide was added and the mixture was placed in the dark at room temperature for 30 min in order to carboxamidomethylate the Cysteine residues. Then, 1:50 w/v L-1-tosylamido-2-phenylethyl chloromethylketone modified sequencing-grade porcine trypsin from Promega (Madison, WI) was added. Following vortexing, the mixture was incubated overnight at 371C in a water bath with agitation, followed by addition of 2% formic acid (FA) to terminate the reaction.
First dimension separation: cIEF
Peptides were sequentially resolved based on their different pIs and hydrophobicity. cIEF was performed on a Beckman CE instrument with sample collection as shown in Fig. 2 . A 70 cm cIEF (100 mm id, 365 mm od) capillary was coated with hydropropyl cellulose for eliminating electroosmotic flow and absorption of peptides onto the capillary wall. The capillary was initially filled with sample gel buffer containing 2% ampholyte 3-10 and 1 mg tryptic peptides. Sodium hydroxide solution at pH 10.8 and 0.1 M phosphate acid solution were employed as catholyte and anolyte, respectively. One end of the capillary was emerged in the anolyte, while the other end was kept in coaxial metal tubing with a sheath flow composed of catholyte eluting flush with the exit of the capillary. The flow rate was controlled by a syringe pump at 2 mL/min, and was adjusted to ensure that a proper droplet formed at the exit to carry the peptides fractionated into individual wells in the sample plate. IEF was performed at 21 kV (300 V/cm) over the entire capillary. The current decreased continuously as the peptides were focused and the process was considered complete after the current no longer changed. The focused bands of peptides were sequentially mobilized slowly under pressure towards the cathode and delivered as droplets with catholyte sheath flow into individual wells on a sample plate, where the fractions were collected with a modified Beckman HPLC sample collector. Each cIEF separation runs approximately 90 min. One-third of the run time is spent focusing the peptides in the capillary while the remaining time is used to deposit the offline fractions.
Second dimensional separation: nanoRPLC1 nanoESI-MS/MS
When cIEF separation was completed, each pI fraction of tryptic-digested sample was injected via Paradigm autosam- [16] . In TPP, the search results were first validated by Peptide Prophet, which converts various SEQUEST parameters to a discriminant score and uses Bayesian statistics to compute the probability that each identified peptide is correct. Protein Prophet reads in peptides and assigned probabilities to compute the probabilities of proteins that are present in the original sample (http://proteinprophet.sourceforge.net/prot-software.html). In this study, we use a protein probability score of Z0.95 as the threshold for protein identification, to ensure that the minimized overall error rate is below 0.05.
Label-free quantitation and normalization
After processing the SEQUEST data through TPP, the spectral counts were parsed out of TPP protXML files using a perl script (see Fig. 1B ). Three datasets of identified proteins with 0.95 protein probability and their associated spectral count have been generated for each sample. We divided the data into two groups. Qualitative data consists of proteins that are only identified in one of these two cell lines, whereas quantitative data consists of proteins that are identified in both these cell lines with their expression values. In the first group one cannot compare the same protein expression level between two cell lines. In the second group the relative protein abundance fold change of the same protein can be calculated by the ratio of their spectral count in two samples as explained later in this work. The data was processed in two different ways. For the qualitative analysis, only the qualitative data was used (i.e. only different protein names from two samples were included). We also performed a quantitative analysis in which we combined the qualitative data and quantitative data by replacing any missing value with 0. For example, protein ''A'' is only detected in MDAH-2774 with its assigned spectral count. In order to make the comparison of the differential expression of this protein plausible, we assume protein ''A'' is also present in TOV-112D but at a very low level that is not detectable and assign a spectral count of 0 to protein ''A'' in TOV-112D. Subsequent normalization was used to reduce technical bias when acquiring spectral count data from different runs across the two different cell lines. The bias may come from instrument error or the inherent random sampling nature of the LTQ. In order to normalize the data, we first calculated the ratio of the total spectral count of three runs between MDAH-2774 and TOV-112D and then multiplied the spectral count of each protein in the numerator by this ratio. Statistical significance levels of the pairwise comparison were then adjusted for multiple testing using the false discovery rate (FDR), q-value method. Differentially expressed genes used to learn network structure were declared at an FDR q-value threshold of 0.3. The FDR q-values were calculated using the R package (http://cran.r-project.org/web/packages/qvalue/).
Ingenuity pathway analysis
To infer global network functions between all differentially expressed proteins from MDAH-2774 and TOV-112D, we conducted two types of analysis using IPA software. For the qualitative analysis, we uploaded into the IPA database two sets of proteins with corresponding primary accession number, which were only identified from one of these two cell lines. Out of 652 and 838 proteins uploaded from MDAH-2774 and TOV-112D, the IPA software identified 515 and 665 ''focus genes'' that were eligible for generating connectivity networks and 443 and 582 ''focus genes'' that were eligible for generating biological functions/disease and associated pathways.
In order to gain further insight into the dynamic changes of the cell states between these two cell lines at the molecular level, we performed a quantitative analysis by incorporating quantitative data in addition to qualitative Electrophoresis 2009 Electrophoresis , 30, 1119 Electrophoresis -1131 data. In this analysis, we uploaded a list of 828 differentially expressed proteins with fold change larger than 2 based on normalized spectral count data. The relevant proteins with their fold change, qv-value and corresponding primary accession number were uploaded as an Excel spreadsheet file. A total of 609 proteins were eligible for generating networks and 532 proteins were used to retrieve functions/ pathways after applying a threshold of qv-value of o0.3.
The significance values for analyses of network and pathway generation were calculated using the right-tailed Fisher's Exact Test by comparing the number of proteins that participate in a given function or pathway relative to the total number of occurrences of these proteins in all functional/pathway annotations stored in the ingenuity pathway knowledge base (IPKB).
Western blot analysis
MDAH-2774 and TOV-112D cell lines were lysed in lysis buffer as described above. An aliquot of 100 mg of total protein from each of the cell lysates was separated by 10% SDS-PAGE in parallel. The resolved proteins were transferred to PVDF membranes (Immobilon-P, Millipore) by conventional procedures using a TE70 semi-dry transfer unit (Amersham Biosciences, Princeton, NJ). Beta-actin protein expression levels were used as an internal control to ensure equal loading between lanes. After transfer, membranes were incubated with a blocking buffer consisting of PBS and 0.1% Tween 20 containing 5% nonfat dry milk overnight. The membranes were incubated for 1 h at room temperature with primary antibodies against UCHL1 (rabbit polyclonal antibody, Biogenesis, NH), SFN (mouse monoclonal antibody; Abcam, Cambridge, MA), MARKS (mouse monoclonal antibody, Abcam) and beta-actin (mouse monoclonal antibody, Sigma) for 1 h at 1:5000 dilution in Tris-buffered saline. Membranes were simultaneously incubated with the mouse anti-beta actin antibody and either the rabbit anti-UCHL1 antibody, the mouse anti-SFN antibody or the mouse anti-MARKS antibody. After three washes with washing buffer (PBS containing 0.1% Tween 20), the membranes were incubated with the appropriate secondary antibody (highly cross absorbed HRP-conjugated goat anti mouse and/or highly cross-absorbed HRP-conjugated goat anti-rabbit; Abcam) for 1 h at 1:2000 dilution. Immunodetection was accomplished by enhanced chemiluminescence (Amersham Biosciences) followed by autoradiography on Hyperfilm MP (Amersham Biosciences).
Results and discussion
cIEF performance
An aliquot of 20 ug of whole cell lysate was extracted from MDAH-2774 and TOV-112D followed by trypsin digestion. Each aliquot of tryptic peptides ($5 mg) was then loaded to cIEF separation. About 40 fractions were collected per run and each fraction was further subjected to the seconddimensional separation coupled with nanoESI-ion trap. We have repeated this process three times for each cell line sample.
The theoretical pI value for each identified peptide within each fraction was calculated after database searching. The pI distribution plot from the second run of MDAH-2774 is shown in Fig. 3 . As expected, the pI trend follows a nonperfect linear velocity. Peptides with pI in the region 3.5 to 8 tend to show improved separation performance compared with basic peptides with pI from 8 to 10. Peptides with pI above 10 or below 3 are not expected to be resolved as they fall outside the pH range of the ampholytes (pH 3-10) used in these experiments. Overall, cIEF exhibits high separation resolution with little overlap of the same peptides identified between adjacent fractions.
An important issue here is the use of offline collection of cIEF fractions coupled to nano-RPLC. With the use of online cIEF coupled to nano-RPLC one can directly load each fraction to a nano-RP column by sacrificing the separation resolution due to the transfer of cIEF fractions to the second dimension from the increased back-pressure and dead volume. In the offline collection method, the sheathflow eluting from the coaxial tubing was adjusted flush with the exit of the capillary in order to eliminate back-pressure and dead volume as shown in Fig. 2B . Compared with the online integration of cIEF/nano-RPLC, the offline collection mode does not degrade the cIEF separation, significantly reducing the mixing of separated peptides during the transfer process. This is also central for precise quantification by spectral counting in this work.
Proteomic profiling
Number of proteins identified
MS/MS spectra were searched against the UniProt database using SEQUEST software and search results were then validated using the Peptide Prophet program. Peptide Prophet provides an empirical statistical model that Fig. 4B . More detailed peptide information for each proteome analysis can be found in Supporting Information, together with the number of distinct peptides, the number of spectral counts and other related information.
Cellular localization
Each identified protein was assigned a cellular localization based on information from the Swiss-Prot, entrez gene and genome ontology databases. Figure 5 shows the cellular distribution of 1749 identified proteins from MDAH-2774 and 1092 identified proteins from TOV-112D. The majority are cytoplasmic and nuclear proteins for both these cell lines. Membrane proteins only occupy 6% of each total proteome, which is not surprising since the protein extraction method used in this study is not optimized for hydrophobic proteins.
Label-free quantitation
Detecting protein quantity and the changes in this quantity between various stages or different samples is central to understanding the molecular process of the cell. We used the spectral count as the measurement of relative protein abundance because it has been shown to accurately reflect relative protein abundance with a linear correlation of over two orders of magnitude of dynamic range [14] . Spectral count was assigned to each identified protein followed by normalization and log transformation. The signal distribution in Fig. 6A shows that the ratio of protein expression level between MDAH-2774 and TOV-112D follows a symmetric distribution. These two cell lines have approximately an equal number of proteins that are up-regulated or down-regulated when compared with each other. Only proteins with fold change larger than 2 between MDAH-2774 and TOV-112D, which is equal to 1 in log 2 scale, are shown in Fig. 6A and were used for further comparative analysis. About two-thirds of the identified proteins fall into the column with fold change range between 2 and 4. The rest of proteins fall into a fold change from 4 to 32, with a few exceptions over 2 orders of magnitude. The distribution of q-values for all proteins regardless of the expression fold change is also plotted in Fig. 6B . Pearson correlation analyses have also been applied to assess the reproducibility and quality of the quantitative data. The first run of MDAH termed MDAH1 and the first run of TOV termed TOV1 are slightly experimentally different than the rest of runs in terms of the number of fractionations in the cIEF separation step. It would therefore make more sense to evaluate the reproducibility between (MDAH2 and MDAH3), (TOV2 and TOV3), which results in a moderate-to-high Pearson correlation coefficient of 0.75 and 0.85. Pearson correlation analyses have also been applied to any of the two runs from two distinct cell line samples. Results are summarized in Table 1 . Table 2 lists the top 10 most abundant proteins in MDAH-2774 and in TOV-112D and the top 10 most differentially expressed proteins based on the ratio of their spectral count from MDAH-2774 over TOV-112D. From the quantitation list, we observed that the most abundant proteins from both these cell lines are proteins related to structural elements like vimentin, actin and tubulin, as well as chaperone proteins and members of the heat shock protein family. Proteins that are most differentially expressed between these two cell lines cover a wide range of molecular functions and associations with different diseases. For example, collagen 3 alpha 1 is a structural constituent of intracellular matrix. Tubulin beta 4 is the major constituent of the microtubules. They have both been shown to be associated with epithelial ovarian cancer. Stratifin, a protein kinase C inhibitor, is involved in regulation of progression through the cell cycle and has been shown to be associated with breast cancer and prostate cancer. Eukaryotic translation elongation factor 1 alpha 2 has been shown to be associated with breast cancer. Myristoylated alaninerich protein kinase C substrate has been shown to be associated with endometriosis.
Other differentially expressed proteins that are not shown in this table also have important implications on the [5] . Although CTNNB1/TCF transcriptional activity in MDAH-2774 is modest compared with TOV-112D, it is known to be present at elevated levels in both these cell lines compared with other ovarian cell lines leading to constitutive activation of the Wnt signaling pathway. Notably, the CTNNB1 missense mutation was detected in TOV-112D by PCR sequencing [5] . It has a mutation in its NH 2 -terminal regulatory domain, thereby rendering the mutant protein resistant to degradation thus resulting in a higher CTNNB1 level in TOV-112D than in MDAH-2774.
The most significant drawback of spectral counting is that it is more likely to be influenced by the acquisition program of the mass spectrometer compared with other label-free comparative quantitation methods such as peptide ion intensity-based quantification. High-abundance peptides can mask low-abundant peptides if the 
Comparison with previously reported proteins
The proteome of both MDAH-2774 and TOV-112D cell lines have been previously analyzed by different methods.
In the first study, a 2-D all liquid phase (Rotofor IEF nonporous silica RP-HPLC) separation method was used combined with ESI-TOF-MS and MALDI-MS/MS to compare the proteome profile of cultured ovarian cancer cell lines [8] . In this study, 161 unique proteins from MDAH-2774 were identified from five fractions with pH range from 5.8 to 8.3 by using PMF and peptide sequencing analysis after applying a 0.95 probability from the Mascot Search Engine. Around 70% of the proteins identified in the first study were also observed in the current study, including some important cancer-associated proteins such as the oncoprotein 18/stathmin, ezrin and p53 protein. Oncoprotein 18/stathmin, a conserved cytosolic phosphoprotein that regulates microtubule dynamics, was identified in two of the three runs of the MDAH-2774 cell line. It was previously reported that over-expression of oncoprotein 18 is associated with a variety of human cancers, including breast cancer and lung cancer [17, 18] . Ezrin is a member of the ezrin/ radixin/moesin family of membrane-axin cross-linking proteins, which also transduces signals from growth factors. Previous studies have shown frequent ezrin overexpression in ovarian carcinomas, particularly in metastatic lesions [20] . Mutant P53 is also known to be over-expressed in MDAH-2774 [20] . In another publication [8] , the proteome profiling of TOV-112D has been examined by two complementary proteomic approaches, two-dimensional gel electrophoresis (2-D PAGE) protein separation coupled to MALDI-TOF/MS and SDS-PAGE coupled to LC-MS/MS. A total of 172 proteins were identified from 2D-PAGE and a total of 589 proteins were identified from SDS-PAGE LC-MS/MS after applying a 0.9 probability cutoff by Protein Prophet, of which 436 proteins are also found in the current study. Relatively high expression of stress proteins like HSP90 and HSP71 were observed when compared with other proteins in both studies, as well as in numerous malignant tumors [21] . Two forms of aldehyde dehydrogenase1, which have previously been shown to be over-expressed in aggressive EOC versus non-aggressive EOC or normal ovarian surface epithelia cells at the RNA level, were also observed in both studies [22] . Proteins that have been previously proposed as biomarkers or targets for diagnostic studies of invasive ovarian cancer because of their over-expression in invasive carcinomas as compared with benign tumors have been identified in previous studies [23] including FK506-binding protein 4 and several reported differentially expressed proteins such as proliferating cell nuclear antigen; leukemia-associated phosphoprotein (stathmin); glutathione S-transferase p; triose-phosphate isomerase and tumor metastatic process-associated protein (Nm23), which have been the subject of extensive investigation in ovarian cancer. In addition, Cytokeratin 18 and Cytokeratin 8 reported as biomarkers by Alaiya et al. [24] were also identified in our study, but not in the work of reference [8] .
Overall, more than 70% of the proteins identified in previous work [7, 8] were also found in our study when comparing our proteomic profiling results with previously reported data. Coupling of offline cIEF with online nano-RPLC and nano-ESI-LTQ in our study has enabled a more comprehensive proteomic profiling of differentially expressed proteins between MDAH-2774 and TOV-112D.
IPA
Qualitative analysis
The 15 most variant canonical signaling pathways between these two cell lines were generated by IPA and are shown in Fig. 7 with a threshold p-value o0.1 indicated. The length of the bar only indicates that the differentially expressed proteins are related to this pathway, but is by no means indicative of the pathway being either up-regulated or down- Electrophoresis 2009, 30, 1119-1131 regulated. It is possible that the overall activity of a pathway is up-regulated or down-regulated, but it is not sufficient to draw a conclusion of the direction of change based on the data forming network alone. It is shown that MDAH-2774 and TOV-112D have different levels of association with different signaling pathways. For example, PI3K/AKT signaling was found to be more significant in MDAH-2774 than in TOV-112D from this figure. Previous studies have shown that frequent activation and over-expression of PI3 K are associated with ovarian carcinoma [25] . Specifically, amplification of the catalytic subunit alpha of PI3K (PIK3CA) is detected in most ovarian cancer cell lines and primary tumors, as well as the somatic mutations in the gene encoding the p85a regulatory subunit of PI3K (PIK3R1), which leads to constitutive activation of PI3K. PIK3R1 was identified from MDAH-2774 but not in TOV-112D in this study, implying that PI3K/AKT signaling upregulation is potentially more activated in MDAH-2774 than in TOV-112D.
It has also been shown that estrogen signaling was found to have a stronger connection with TOV-112D than MDAH-2774 from our IPA. The estrogen receptor (ER) was found to be over-expressed in most ovarian cancers and anti-estrogen drugs have been used to inhibit the growth of ER-positive epithelia ovarian cancer cells, implying a strong connection between ER signaling and the tumor, but little is known about the detailed mechanism [26] . The stronger connection with ER signaling in TOV-112D is probably due to the activation of K-ras, which has been detected in TOV-112D but not in MDAH-2774 according to our analysis. K-ras is known to be present as the wild type in TOV-112D and mutated in MDAH-2774. Active K-ras can activate the ER through ERKmediated ER phosphorylation and enhance the steady level of ER. Therefore, ER signaling may turn out to be more pronounced in TOV-112D than MDAH-2774. Also, VEGF and chemokine signaling, which are both related to metastasis, were both shown to be more significant in TOV-112D than MDAH-2774. Other pathways such as insulin-like growth factor-1 signaling, ERK/MAPK signaling, integrin signaling, cAMP-mediated signaling have all been previously reported to be involved in ovarian cancer [26] .
Signature proteins were further characterized based on protein-protein interaction. The de novo network constructed by IPA shown in Fig. 8 produced a network comprising network eligible molecules that have been combined to maximize their specific connectivity. Additional molecules are imported from the IPKB to connect two or more smaller sub-networks by merging them into a larger one. The proteins in the network of MDAH-2774 and TOV-112D and their major functions are listed in Table 3 . The network for MDAH-2774 is a compact one, centering on P53 while the network for TOV-112D is more scattered, composed of small sub-networks with ATM, Jnk and GLI1 in the center (Table 3) .
Quantitative analysis
In order to gain further insight into the dynamic changes of the cell state between these two cell lines at the molecular level, we performed another analysis by incorporating quantitative data along with qualitative data. In this analysis, we uploaded a list of 828 differentially expressed proteins with fold changes larger than 2 based on normalized spectral count data. A total of 609 proteins were eligible for generating networks and 532 proteins were used to retrieve functions/pathways after applying a threshold qv-value of o0.3. The canonical signaling pathways enriched with differentially expressed proteins were constructed and ranked by significance. A total of 14 pathways have been calculated to be significant (Fig. 9) , where 8 of these pathways are also shown in Fig. 7 . In addition, some new pathways were also uncovered, such as protein ubiquitination signaling and the hypoxia signaling pathway. We have also sought to examine the differentially expressed components of these pathways in depth. For example, the detailed signaling cascade of PI3K/AKT is depicted in Fig. 10 . By incorporating the normalized spectral count results, we have been able to calculate the relative expression level of identified proteins under this pathway in addition to detecting their presence or absence.
The top connectivity network from integrative analysis for MDAH and TOV depicting protein-protein interactions is shown in Fig. 11 . The major network, which comprises 34 identified differentially expressed proteins and two imported from IPKB, is displayed in Fig. 10 with a p-value of o10 À49 .
The major functions extracted from this network are related to cancer, reproductive system disease, and skeletal and muscular disease. P53 is the hub of this network, implying that the differential expression level of P53 in these two cell lines is one of the major driving forces for their differentiation in tumor growth. Pathway analyses of the qualitative data and the quantitative data partially coincide with each other by using IPA. Qualitative data represents a group of proteins with enri- ched difference between MDAH-2774 and TOV-112D, as they are only detectable in either of these two cell lines. Quantitative data consists of proteins that are detected in both these cell lines with a fold change larger than 2 in addition to those detected in only one of these two cell lines. Analysis based on qualitative data alone is simple to handle; meanwhile it is biased as it excludes the information containing dynamic change in protein abundance whereas quantitative analysis is more comprehensive. The combination of qualitative data and quantitative data is based on the assumption that the spectral count of the protein detected in only one sample is assigned to 0 in the other one. However, we have observed a decrease of sensitivity induced by replacing any missing values with 0. After multiple testing corrections, fold changes of some proteins between MDAH and TOV are decreased and the q-values are increased, which suggests global signal suppression by this replacement method. One of the explanations could be these missing values are not truly 0, simply because we cannot detect them by the current technique. This is especially the case for low-abundance peptides, which could be masked by their co-eluting high-abundance peptides. In the future, target proteomics method (e.g. multiple reaction monitoring methods) will be adopted to verify important proteins.
Western blot validation
It is becoming increasingly important to validate the proteome profiling results using alternative technologies. In this study, we used one-dimensional Western blot analyses to confirm some of the differential expression results inferred by spectral counting. Three proteins were selected from Table 1 : UCHL1, Stratifin and MARKS. As can be seen from Fig. 12 , the intensities from these three proteins correlate well with the spectral counting results shown in the left panel.
Concluding remarks
Proteomic profiles from two ovarian endometrioid-derived cell lines with different genetic mutations have been studied using a shotgun proteomic approach. This involved whole lysate digestion by trypsin with extensive fractionation in the first dimension using cIEF based upon a pH-based separation followed by capillary RP-HPLC. Online analysis was performed using tandem MS acquired by an LTQ. A large number of proteins were identified after filtering through the Peptide Prophet/Protein Prophet TPP. Differentially expressed proteins were quantitated using label-free methods and studied by IPA to reveal the association with important biological functions. It was shown that some important signaling pathways may be highly associated with one of the two cell lines. The PI3K/AKT pathway was found to be significantly predominant in MDAH-2774 but not in TOV-112D. The p53 pathway is shown by network analysis to be important in both cell lines but the network in MDAH-2774 is a more compact one centered on p53 while the network for TOV-112D is more scattered and composed of small networks with ATM, Jnk and GLI1 in the center. The fact that p53 is an important hub of this network implies that this pathway is a major driving force for differentiation and growth. Other pathways such as estrogen signaling were found to have a stronger connection to TOV-112D than MDAH-2774 and activation of K-ras has been detected in TOV-112D but not in MDAH-2774. Thus, the method described can define the important pathways involved in cancer development and how it may differ between samples. This strategy may be important for biomarker discovery and may lead to development of candidates for drug treatment of disease.
